ABSTRACT In this paper, we consider a green communication design in a multiple-input-multiple-output orthogonal frequency-division multiplexing-based downlink cloud radio access network system with peruser quality of service constraints and remote antenna units (RAUs) power constraints. Two problems are solved in this paper: a total transmits power minimization problem and a total network consumption minimization problem. The first problem is to minimize the total transmit power of RAUs by designing beamforming. While the other is to minimize the total network consumption by beamforming and switching off unnecessary RAUs, which is a joint design of sparse beamforming and RAU selection. It is a mixed integer nonlinear programming problem and hard to deal with. Approximations are made to convert the problems into convex ones by using the difference of convex programming and a mixed 1 / 2 -norm. Then, the iterative algorithms are proposed to solve the problems. The simulation results show that by using proposed algorithms, the transmit power consumption and the network power consumption can be significantly reduced. Meanwhile, the number of active RAUs can be effectively decreased.
the C-RAN structure was used in downlink baseband signal transmission and plenty of work has been done to reduce the power consumption in C-RAN system [8] [9] [10] [11] . It is indicated that the transmit network power consumption also plays a significant role in C-RAN systems. So it is a necessary issue to optimize the network power consumption. Moreover, with the spatial and temporal variation of the mobile traffic, it would be feasible to switch off some RAUs while still maintaining the quality of service (QoS) requirements. Reference [12] proposed a method to reduce the power consumption of C-RAN structure in a baseband system. It showed that the RAUs in this architecture are not always needed to be active so that the total power consumption of the transport network and RAUs can be decreased. However, most of the previous works concentrated more on frequency-flat channels. To cope with frequency-selective channels [13] , multipleinput-multiple-output orthogonal frequency-division multiplexing (MIMO-OFDM) is widely used [14] , [15] . It converts a channel into parallel frequency flat subchannels and the signal is modulated into orthogonal subcarriers [16] .
Therefore it is an intractable problem to allocate power resources to different subcarriers. Reference [17] introduced a method to solve the problem of maximizing energy efficiency in frequency-selective channels and in OFDM systems, which was achieved by optimizing RAU transmit power allocation. And plenty of work has been done based on it [18] [19] [20] . However they all obeyed a rule that the interference was neglected in one subcarrier, which is not a normal scene in reality.
In this paper, we solve the transmit power minimization problem and network total power consumption minimization problem in an OFDM system considering the interference in one subcarrier, by beamforming optimization. We first propose an energy-saving model under downlink C-RAN MIMO-OFDM structure. Then we formulate a problem aiming at minimizing the transmit power consumption with per-user quality service (QoS) constraints and RAU power constraints. The problem is NP-hard. However, it can be dealt with difference of convex (DC) programming [21] , [22] . With the approximation of DC programming, the non-convex QoS constraint can be transformed to a convex constraint, and an iterative algorithm is proposed to solve the problem. Then we furtherly consider the power consumption of the whole network, which is a joint optimization problem consisting of two parts, beamforming optimization and RAU selection. As is said, the problem is a mixed integer nonlinear programming (MINLP) problem and hard to deal with. And the group sparse beamforming framework of [12] is extended into a MIMO-OFDM based downlink C-RAN system. To simplify the problem, referring to [11] and [12] , we first formulate a sparse beamforming problem by using a mixed 1 / 2 -norm [23] to ensure the sparsity. Then the sleeping priority of RAUs are determined by considering both some channel features and system parameters. Then, like the former problem, the difference of convex (DC) programming [21] is used to simplify the QoS constraint. After obtaining the sleeping priority, RAUs are shut down based on it to achieve the minimum network total power consumption. With these two techniques, the problem is transformed to a convex one. An iterative sparse beamforming algorithm is proposed to solve the problem step by step. Simulation results show that the proposed algorithms can effectively reduce the transmit power and the network power consumption while the number of active RAUs is well controlled .
The remainder of the paper is organized as follows. In Section II, we present the system model. Section III formulates the transmit power and network power consumption minimization problems and analyzes them. The transmit power minimization problem is solved in this section. Section IV transforms the network total power consumption problem to a solvable convex problem and proposes the iterative algorithm. In Section V, numeral results of simulations are demonstrated and the superiority of the proposed algorithms is proved compared with some other algorithms. Finally, conclusions are presented in Section VI. 
II. SYSTEM MODEL
We consider a C-RAN network with L RAUs where the l-th RAU is equipped with N l antennas and K users each with a single antenna. In this network, all the RAUs are connected to the central processing unit. It allows the processing resources to be shared by all RAUs, and all users have access to every RAU. MIMO-OFDM scheme is used to modulate the signal, which consists of M subcarriers.
The transmit signals under subcarrier m are in the form of
where
is a vector denoting the data symbol to be transmitted under subcarrier m, which contains independent and identically distributed (i.i.d) zero mean circularly symmetric complex Gaussian (ZMCSCG) random variables with unit variance. W m is the beamforming matrix between all the transmitting and receiving antennas under subcarrier m. The beamforming matrix is considered as a block matrix, so it can be divided as follws:
where w m,k,l ∈ C N l ×1 is the beamforming vector from RAU l to user k under subcarrier m. As a result, the transmit signal can be indicated as
= 0. For subcarrier m, the relationship between receiving signal and transmit signal is indicated as below:
is the channel gain matrix under subcarrier m.
The channel gain H m consists of the channel gain matrix from every user, denoted as follow:
where h m,k,l ∈ C 1×N l is the channel gain between user k and RAU l under subcarrier m. While the receiving signal of subcarrier m can also be written in the similar form:
where y m,k is the receiving signal of user k under subcarrier m. Then y m,k can be indicated as:
where n m,k is the received noise at user k under subcarrier m.
In this paper, we treat interference as noise and assume perfect channel state information (CSI) is available, as in [11] , [12] , and [17] . The extension to imperfect CSI case is nontrivial and is left for future work. As a result, the achievable rate for user k is given by
where B is the bandwidth of subcarriers. Each RAU has an RAU transmit power constraint
and each user has a QoS constraint
where r k demonstrates the lowest rate for user k to meet the QoS constraint and P l max demonstrates the maximum transmit power of RAU l.
III. PROBLEM FORMULATION AND ANALYSIS A. TRANSMIT POWER CONSUMPTION PROBLEM
Based on the model written above, the transmit power consumption minimization problem can be formulated as:
It is easy to notice that the QoS constraint is the main factor resulted in the non-convex. First we use trace to replace the norm in the problems.
m,k and the constraint can be written with trace as:
The constraint can be seen as a standard DC programming. We can then use the first-order Taylor series approximation to substitute the right part of the constraint as (13) , shown at the bottom of the next page, whereŴ n m,i represents the result of last iteration.
As in [21] , w m,l 2 2
can be rewritten as:
. Then problem (11) can be written as:
The minimum transmit power consumption can be acquired by solving problem (15) iteratively, and the iterative beamforming optimization algorithm is presented below. In this subsection, we aim at reducing the power consumption of the whole network. Due to the high density of RAUs and the joint transmission among them, the power consumption of the transport network becomes enormous and cannot be ignored. Therefore, it is necessary to switch off some transport links and the corresponding RAUs [12] . As a result, we introduce a set A ⊆ L to denote the active RAU set, where L = {1, . . . , L} denotes the set of all RAUs. For each RAU, there are two modes: active and sleep. If an RAU serves no user, it would be turned into sleep mode to reduce the power consumption of the whole system. An indicator function is introduced to denote whether the RAU is active or not:
where P t l is the transmit power of RAU l. The network power consumption consists of two parts. The first part is the power used to transmit signal from RAU to user, while the second is the power RAU consumed to keep itself active. We use P a l and P s l to denote the power consumption of RAU l under active and sleep mode respectively. As a result, the power consumption of the l-th RAU can be indicated as:
where P c l =P a l −P s l . So the network power consumption can be written as follows: 
Note that P s l is a constant, so it can be ignored in the network power consumption minimization problem. And the problem can be written as: 
Obviously, problem (20) is a combinational optimization problem in nature. The beamforming vectorŴ n and RAU set A need to be optimized at the same time.
IV. SPARSE BEAMFORMING AND RAU SELECTION
To solve the combinational optimization problem, we adopt a solution introduced by [12] . Shi et al. proposed a group sparse beamforming framework with low complexity, including three parts: minimizing the group-sparsity inducing norm, ordering RAUs and obtaining transmit beamformers by fixing active RAUs. So in this paper, set A is determined by sparse beamforming firstly, and the problem will reduce to an univariate optimization problem, which is easier to be solved.
To determine set A, we then need to determine the sleeping priority of RAUs. RAUs with higher sleeping priority will be switched to sleep mode. And set A will become a constant set. Then we solve problem (20) . If problem (20) is feasible, more RAUs will be shut down according to the sleeping priority. Recently, the mixed 1 / 2 -norm has been widely used to induce group sprasity. In this paper, the sparse beamforming problem can be addressed as a minimization of
Then considering some channel features and system parameters, we can get the sleeping priority by calculating:
, and the RAU with smaller λ l will be switched to sleep mode first. That sleeping priority demonstrates that RAUs with lower channel gain, beamforming gain and higher network power cost will be switched to sleeping mode. However, there are circumstances when the minimum of the problem, [12] applied the idea from the majorizationminimization (MM) algorithm, to enhance group-sparsity for the beamformer. The MM algorithms have been successfully applied in the re-weighted 1 -norm (or mixed 1 / 2 -norm) minimization problem to enhance sparsity. However, most algorithms failed to exploit the additional system prior information to improve the performance. Different from them, the system information is also exploited at each step in this paper. So problem (21) can be rewritten as the minimization of:
where I is an indicator function. However, it is a non-convex optimization problem.With the fact that
the indicator function in (23) can be rewritten as
With the first-order approximation of log 1 + w m,l
where ε > 0 is an appropriate small constant, α= 2 log(1+ε −1 ) , and c (w n ) is a constant value of w n which is the result from (n−1)-th iteration. Then by ignoring the constant part, the reweighted sparse beamforming problem is as follows:
demonstrates the weights for the group in n-th iteration. Then like problem (11), we transform the problems with trace and use DC programming to cope with the non-convex 
, and go to 6 10: else 11: Set i = i − 1, and the RAU set that can be switched off is D i . 12: end if in QoS constraint. So probem (27) can be rewritten as:
Due to the iterative structure in both the DC programming and sparse beamforming, we can combine them into one iteration to reduce the complexity and expedite the convergence. And problem (20) can be written as:
After we obtain the sleeping priority of RAUs, we can begin to solve the problem (20) iteratively with updating group A according to λ l . Then we can design an iterative algorithm to solve the network consumption problem. Let D indicate the RAU that can be switched off after the iteration. The iterative sparse beamforming algorithm is presented below and we solve the convex problems with CVX toolbox. VOLUME 7, 2019 
V. SIMULATION RESULTS
In this section, we simulate the performance of the proposed algorithms. We consider the following channel model:
where β l,k is the large-scale fading coefficients satisfying
10 , where d l,k is the distance between RAU l and user k. And g m,l,k is the small scale fading coefficient, satisfying  CN (0, I) . For the network power consumption, we set P c l = 2.5W. Consider a network involving L = 5, K = 10, P l max = 1W and a circle region with 1000 meters radius. For problem (27), the initial value of ξ 0 l |l = 1, 2, . . . , L is set through MRT beamforming [24] . The transmit power minimization (TPM) algorithm is simulated by simply solving the power minimization problem with algorithm 1. The single user OFDMA (SU-OFDMA) scheme demonstrates that the RAUs serve a user only in specific subcarriers so that there is no interference between different users. Fig. 2 describes the convergence of the sparse beamforming part in Algorithm 2. The five lines stand for rates of different users during iterations. It can be seen that by combining the two iterative problems, DC programming and sparse beamforming, together, the algorithm converges in a fast speed. It converges within 20 iterations. Fig. 3 demonstrates the total power consumption of different algorithm under different QoS constraints. It can be seen that under the proposed circumstance TPM algorithm performs better than SU-OFDMA algorithm. By shutting down unnecessary RAUs, SBF algorithm can achieve lower power consumption. It is clear that TPM algorithm also acquires a better average power performance than SU-OFDMA algorithm. On the contrary, SBF algorithm reduce the total power consumption by boosting alive RAUs performance and shutting down unnecessary RAUs. The sharp falls demonstrate new RAUs switched on to cope with the increase of QoS constraint and the average trasmit power is reduced accordingly. 5 and Fig. 6 demonstrate the total power consumption and average RAU trasmitpower consumption with different user numbers. The lowest user rate is set to 6 bit/s/Hz. With the increase of users, the power consumption of three algorithms all rise correspondingly. And SBF algorithm approaches to CB algorithm gradually, which demonstrates RAUs shut down are decreasing. Similar to Fig. 4 , the sharp fall in Fig. 6 demonstrates new RAUs switched on to cope with the increase of user numbers.
VI. CONCLUSION
In this paper, we proposed an energy-saving model under downlink C-RAN MIMO-OFDM structure. The trasmit power consumption minimization problem and the network total power consumption minimization problem were established. They are transformed to convex problems with DC programming and group sparse beamforming framework. Two beamforming optimization algorithms were proposed based on the two techniques to solve the problem iteratively. The convergence of algorithms were simulated. Simulation results showed that proposed algorithms performed well. The RAU transmit power and network power consumption were reduced, and alive RAU quantity was well controlled by Algorithm 2. However simulations were run only in a small scale due to the complexity of algorithms, and the channel model is relatively simple. Future researches may focus on more efficient algorithms for large scale circumstances.
